With the accumulation of knowledge for the intimate molecular mechanisms governing the processes inside the living cells in the later years, the ability to characterize the performance of elementary genetic circuits and parts at the single-cell level is becoming of crucial importance. Biological science is arriving to the point where it can develop hypothesis for the action of each molecule participating in the biochemical reactions and need proper techniques to test those hypothesis. Microfluidics is emerging as the technology that combined with high-magnification microscopy will allow for the long-term single-cell level observation of bacterial physiology. In this study we design, build and characterize the gene dynamics of genetic circuits as one of the basic parts governing programmed cell behavior. We use E. coli as model organism and grow it in microfluidics chips, which we observe with epifluorescence microscopy. One of the most invaluable segments of this technology is the consequent image processing, since it allows for the automated analysis of vast amount of single-cell observation and the fast and easy derivation of conclusions based on that data. Specifically, we are interested in promoter activity as function of time. We expect it to be oscillatory and for that we use GFP (green fluorescent protein) as a reporter in our genetic circuits. In this paper, an automated framework for singlecell tracking in phase-contrast microscopy is developed, combining 2D segmentation of cell time frames and graphbased reconstruction of their spatiotemporal evolution with fast tracking of the associated fluorescence signal. The results obtained on the investigated biological database are presented and discussed.
INTRODUCTION
With the accumulation of knowledge for the intimate molecular mechanisms governing the processes inside the living cells in the later years, the ability to characterize the performance of elementary genetic circuits and parts at the singlecell level is becoming of crucial importance. Biological science is arriving to the point where it can develop hypothesis for the action of each molecule participating in the biochemical reactions and need proper techniques to test those hypothesis. Microfluidics 1, 2, 3 is emerging as the technology that combined with high-magnification microscopy will allow for the long-term single-cell level observation of bacterial physiology. In this study we design, build and characterize genetic oscillators as one of the basic parts governing programmed cell behavior. We use E. coli as model organism and grow it in our purpose-made microfluidics chips 4 , which we observe with epifluorescence microscopy. One of the most invaluable segments of this technology is the consequent image processing, since it allows for the automated analysis of vast amount of single-cell observation and the fast and easy derivation of conclusions based on that data. Specifically, we engineered a novel type of plasmid, which represses the replication of its own DNA and expect it to demonstrate oscillations in copy number. Oscillators in living organisms are a key element for synchronization of individual parts, thus making possible the execution of any preset temporal genetic program. Lately, a number of papers, 5, 6, 7 both theoretical and design-and-build, studied the problem of the engineering of genetic oscillators. We report the plasmid copy number by observing the fluorescent protein generation to be controlled by a constitutive promoter inserted in the same plasmid. The phase-contrast microscopy imaging allows us to track each cell with time and the fluorescent images give us information regarding the protein expression levels. The final automatically generated information should include single-cell fluorescence as function of time, if it is oscillatory -amplitude and period, cell division points and cell doubling time.
This paper deals with the analysis of the image information provided by the microscopic monitoring of the microfluidic biochip and develops an automated approach for cell detection on each separate time frame image, and their tracking over the whole image sequence. The cell segmentation is performed using a scheme combining 2D mathematical morphology operators (Section 2.1), while the cell tracking relies on the spatial connectivity between cells on consecutive time frames. A connectivity graph is thus built-up in order to record the trajectory of each cell and its subsequent division points. Based on this graph, the cell division points can be investigated and the cell doubling time computed by integrating the information on the whole image sequence (Section 2.2). In addition, the connectivity graph easily allows tracking the average cell fluorescence level over any defined cell lineage path. The preliminary results obtained on a large image sequence are illustrated and discussed in Section 3.
MATERIALS AND METHODS
Our microfluidics chips 4 allow for the long-term exponential growth of bacterial cells in single-cell layers. The growth volume is separated in chambers, denoted "traps", each of which is constantly supplied with fresh growth medium. The microfluidics chips are mounted on microscopy cover slips, which allows for their direct observation under inversed epifluorescent microscope. We use fully automated microscope with motorized stage and temperature control. A typical experiment is between 12 and 72 hours and consists in phase-contrast ( Figure 1 ) and fluorescent ( Figure 2 ) imaging of separate traps. For the purpose of efficient single-cell tracking we acquire phase-contrast images every 1 minute and the fluorescence imaging period depends on the genetic construct, but is generally between 3 and 10 minutes. The number of traps that we could follow is limited by the 1 minute period and the time required for re-focusing, thus, we normally follow 3 separate traps. The developed image analysis framework applies to each trap and performs a 2D segmentation of each time frame of the phase-contrast image dataset, followed by a graph-based analysis of the spatiotemporal cell connectivity which provides the information on cell growth and division. These steps are detailed in the following.
Cell segmentation on individual time frame images
The cell segmentation is performed on the phase-contrast image series since the associated fluorescence level presents a large deviation between cells and over time, and it may even vanish at different moments, making the cell undetectable. The proposed 2D segmentation of the individual phase-contrast images relies on mathematical morphology and exploits the contrast difference existing between the cell inner and its wall. Note that the cells have an elongated shape of various length but of nearly-constant width. According to the optical imaging system used, the expected cell width is known and further denoted by l c . If f denotes a time frame phase-contrast image, f : Z 2 → N, the following operations are performed successively: The plateaus of h are image regions of constant grey level (Figure 4 ), thus the regions extracted may contain also other structures than the cells. In addition, if the cell boundary has locally a low contrast, the plateau extraction will results in cell regions which are connected to each other.
2) background removal and cell filtering. The objective is to preserve only the cell regions in Figure 4 and individualize them. Since the cells are grouped together in a large region and located close to each other, the cell region can be identified by performing a morphological closing with a horizontal structuring element of large size, 10 l c ( Figure 5 The cell separation is however imperfect, especially when lateral contacts occur. As our analysis requires the individualization of each cell while preserving its surface, filtering based on morphological erosion 8 cannot apply here. Note also that the shape of individual cells shows "protuberances", and filtering by morphological opening risks to partition the cell into several components which is to be avoided. In addition, since the cells orientation may vary from one imaging "trap" to another, directional structuring elements cannot be applied. To overcome this problem, a specific filtering was developed for cell individualization. 3) cell individualization. The individualization of connected cells relies on the detection of their "contact" region. Because of their elongated shape, a thinning-based skeletonization 8 may provide accurate information on the contact regions. The resulting unitary skeletons will consist of one segment, for isolated cells, and of multiple segments, when connection with other cell(s) occurs (Figure 6 (a) ). Cell contact points will be located at segment intersections which are detected on the unitary skeleton as multiple points 8 , that is, points having more than two neighbors on the unitary skeleton ( Figure 6(b) ). The cell individualization consists in removing the segment(s) linking two multiple points. Such segments are defined as the segments forming the smaller angles with the neighboring segments joining at the same multiple points. Figure 7 illustrates the results of cell skeleton disconnection, providing one segment per cell. Note however that such procedure is robust when the cell contact does not occur at their extremity. This latter case may correspond either to two different cells (and cell fractioning should be made) or to a cell on a point to subdivide (and the cell should preserve its shape), which is contradictory. Since this case is not frequent in our images, no further processing is considered here.
The resulting individual skeletons are centered inside the cells, which allow defining a partitioning line between the cells by means of the skeleton by influence zones (SKIZ) 8 computed with respect to the set of cell skeletons (Figure 8 ). The cells separation is achieved by subtracting the SKIZ from the cell image of Figure 5 (b) , as shown in Figure 9 . A final filtering using a morphological opening with a disk structuring element of radius l c / 8 achieves the cell segmentation, Figure 10 . 
Connectivity graph for cell division tracking
The single cell tracking over time is here implemented based on a connectivity graph which reconstructs the spatiotemporal connectivity of the segmented cells over the whole trap sequence by associating a node (vertex) to each cell on a 2D segmented image and an edge to each time-connectivity relationship between cells on adjacent time frames. Two challenging issues are encountered by the connectivity graph approach. The first is related to inherent cell segmentation errors due to locally low contrast of some cells, leading to undetected or oversegmented (fractioned in several components) cells. The second comes from the cell motion itself due to the growth process and the external flow induced by the peripheral food supply injection (Figure 11 ). If such motion is too fast with respect to the image data acquisition time step, the connectivity graph is erroneous and cannot be exploited. This is not our case, however, due to the cell motion, a single cell on a given time frame may appear connected with several cells on the next frame ( Figure  12 , top row). This situation will lead to loops in the graph (Figure 12 , bottom row), which require further processing in order to achieve the desired tree topology associated with the true cell division process. In order to build-up the connectivity graph while avoiding the most of erroneous connections, the image series generating such graph is pre-processed as follows. To minimize the lateral cell shift, the connectivity test between time frames n and n+1 (I n ~ I n+1 ) is performed between transformed images. In order to remove irrelevant information, both time frame images are first filtered by preserving all cells of a minimal surface, corresponding to that of an ellipse of radii l and 2l (l being the expected cell width, cf. §2.1), then the frame I n+1 is applied a morphological thinning of size l/4 ( Figure 13 ). Note that such filtering does not prevent connectivity errors due to cell rotation or cell oversegmentation (several connected components of the same cell). Since the purpose of this study is to obtain a global knowledge of the cell division for the whole biochip, we consider the cell rotation small in this case (dense cell distribution constraining the motion mainly to elongation and translation) and neglect it. The cell oversegmentation, on contrary, has to be taken into account since it may lead to loops in the connectivity graph. The loop formation in the graph is detected during the graph construction (a node having two or more parents) and the loops are broken by preserving the most consistent path (Figure 14) . In order to avoid losing fluorescence information of a fractioned cell when tracking the cell division, the graph loop nodes which are disconnected from the main structure are still kept in the structure by a virtual link to the node of the main component of the cell (Figure 14 (b) , red). Such virtual links are ignored in the analysis of the cell lineage, but taken into account when computing the average fluorescence level of the cell. An example of a connectivity graph obtained for a time series of 675 images is illustrated in Figure15, where green edges denote cell lineage paths and the red ones the virtual links to fractioned cell components. The several disconnections remarked in the graph geometry are due either to incomplete 2D cell segmentation or to a large cell displacement which cannot be captured by simple connectivity inference. This was also due to the fact that the cell tracking was here applied only on a subset of the phase-contrast images, which corresponds to the fluorescent data acquisition period (5 times sparser). Nevertheless, the cell division analysis applies to the whole biochip sequence which includes a large amount of connected paths, long enough to determine the targeted parameters. The connectivity graph, which nodes will carry out the average fluorescence signal (computed from the dual fluoresce images, Figure 2 ), allows selecting any desired cell in a given time frame, and by performing a time-reverse analysis, provides the single-cell fluorescence as function of time, cell division points and cell doubling time.
RESULTS AND DISCUSSION
The developed analysis framework has been assessed on few image databases of long-term exponential growth of bacterial cells in single-cell layers consisting of more than 600 images each, showing a high accuracy in 2D cell segmentation and single-cell tracking for the purpose of this study.
Figures 16 and 17 show a division path (yellow) in the lineage of cells marked in green in Figures 11(a) and 11(b) , respectively, together with the associated average cell fluorescence signal along the path. The fluorescence levels change with time, but not with a regular period. However, this result is expected with such a noisy system (i.e. simple negative feedback loop) involving steps as stochastic as gene expression and protein-DNA binding. The information on cell division points and cell doubling time is derived from the graph analysis in a straightforward manner. Note however that, some errors in subdivision detection (due to 2D segmentation limitations and/or cell displacement/rotation with time) may impair the direct computation of the cell doubling time on a single path. In order to overcome this drawback, cell doubling time is computed based on the histogram of cell division time built up for the whole graph of the biochip. Such histogram is illustrated in Figure 18 , showing a maximum distribution around 7 time frames (35 minutes). Given the growth conditions (temperature of 37°C and non-limiting levels of medium supply), this result complies well with the known properties of E. coli. The proposed approach is currently applied in a specific biological study on genetic oscillators involving E. coli as model organism, with conclusions expected in the next months. Our future work will address the cell tracking improvement by considering possible cell rotations and shape deformations (bending) and by implementing a refinement of the connectivity graph according to the global trend extracted from the first analysis. For example, graph restoration at missing subdivision points, and/or for eventual wrong connectivity assignments between cells, will be tackled by integrating the local cell motion and shape deformation under the environment constraints.
CONCLUSION
The design, building and characterization of genetic oscillators as one of the basic parts governing programmed cell behavior is directly related to the possibility of automated analysis of vast amounts of single-cell observations and the fast and easy derivation of conclusions based on that data. This paper developed an automated analysis framework for single-cell tracking in epifluorescence microscopy, combining accurate 2D segmentation of cell time frames acquired in phase-contrast microscopy and graph-based reconstruction of their spatiotemporal evolution for fast tracking of the associated fluorescence signal and computation of cell division points and cell doubling time. 
